Molecular initiating events (MIEs) are important concepts for in silico predictions. They can be used to link chemical characteristics to biological activity through an adverse outcome pathway (AOP). In this work, we capture chemical characteristics in 2D structural alerts, which are then used as models to predict MIEs. An automated procedure has been used to identify these alerts, and the chemical categories they define have been used to provide quantitative predictions for the activity of molecules that contain them. This has been done across a diverse group of 39 important pharmacological human targets using open source data. The alerts for each target combine into a model for that target, and these models are joined into a tool for MIE prediction with high average model performance (sensitivity ¼ 82%, specificity ¼ 93%, overall quality ¼ 93%, Matthews correlation coefficient ¼ 0.57). The result is substantially improved from our previous study (Allen, T. E. H., Goodman, J. M., Gutsell, S., and Russell, P. J. 2016. A history of the molecular initiating event. Chem. Res. Toxicol. 29, 2060-2070 for which the mean sensitivity for each target was only 58%. This tool provides the first step in an AOP-based risk assessment, linking chemical structure to toxicity endpoint.
The adverse outcome pathway (AOP) framework collects chemical and biological information together into a modular framework to support toxicity risk assessment (Ankley et al., 2010; Villeneuve et al., 2014) . The building blocks of AOPs are:
1. Key events (KEs), identifiable perturbations in biological systems 2. Key event relationships (KERs), links between these perturbations (OECD).
The molecular initiating event (MIE) (Allen et al., 2014 ) is a KE that spans the disciplines of chemistry and biology, linking the chemical properties of a molecule to an interaction at a biological target. The MIE presents a particularly interesting target for chemistry-based predictions, providing the ability to link chemical structure of a novel molecule to potential MIEs. As MIEs are essentially chemical interactions between a toxicant molecule and a biological molecule, the chemical characteristics of the toxicant molecule must be related to the MIE. By identifying chemical characteristics in compounds with known MIEs, predictions of MIEs can be made for novel molecules. In 2016, we presented a number of MIE models for human targets based on computationally extracted common fragments (structural alerts), combined with literature knowledge and crystal structures These models performed well, but higher performance, particularly a lower false-positive rate, and quantitative predictions, are desirable for greater impact and model use.
MIE modeling approaches have also seen use elsewhere (Casalegno and Sello, 2013; Gerberick et al., 2007; Sanderson et al., 2016) . Many of these approaches use chemistry as the basis for computational models for the prediction of MIEs or KEs. This has included chemical categorization for electrophilic chemicals known to be genotoxic (Enoch et al., 2011) using chemical fragments and descriptors to model the MIE for retinoic acid receptor binding (Steinmetz et al., 2015) , and using the chemistry of a toxicant to identify how toxic outcomes happen, for example, for mitochondrial toxicants (Nelms et al., 2015) . The continued development and evolution of computational models based on MIEs is critical to provide risk assessment and chemical screening procedures for toxicology in the future.
It is vitally important to the toxicology community for MIE models to provide quantitative estimates of molecular activity (Auer et al., 1990; Roberts et al., 2007 Roberts et al., , 2011 Russom et al., 1997; Verhaar et al., 1992) . Without such estimates, only a binary hazard-style safety assessment can be conducted, rather than a risk-assessment incorporating exposure, dose, and response. One example of this is the development of a quantitative model for the skin sensitization AOP (MacKay et al., 2013; Maxwell et al., 2014) , linking an MIE model for the haptenization of proteins into a toxicodynamic model to estimate the T-cell response. By providing estimates of molecular activity, models can contribute to risk assessments, allowing chemical exposure to be considered, and a safe dose calculated.
In this article, we report a new procedure for the in silico prediction of MIEs. Computational models using 2D structure-activity relationships (SARs) for MIEs have been developed based on important human pharmacological targets. These targets were chosen from Bowes 2012 (Bowes et al., 2012 and from our earlier work (Allen et al., 2014) (Table 1 ). These models are based on biological receptor binding data that have been collected from the open source database ChEMBL (ChEMBL database), and were generated by a new computational algorithm which automatically develops 2D structural alerts. This significantly increases the performance of the models relative to earlier work. These fragments each define a small chemical category of very similar ChEMBL chemicals, allowing for a read-across style prediction of an MIE. These small chemical categories lend themselves well to quantitative predictions, as the molecules within them often have similar activity values (ie Ki or IC 50 ). Each chemical category is, therefore, presented with an estimated activity value (mean) and error (standard deviation), providing quantitative estimates for the chemical activity of novel molecules predicted using these SARs. All the structural alerts for each target are then combined to form a model for molecular activity at that target. The models are then combined to form a tool for MIE prediction (Fig. 1) .
Two-dimensional structural alerts link the chemistry of a molecule to its activity, by establishing the chemical core of binder molecules. The chemistry of these binders is well modelled using chemical structures, even when they are only fragments, as the chemical structure defines the shape and interaction potential of a molecule, ie through hydrogen bonds. Structural alerts are mechanistically transparent and computationally simple, allowing many molecules to be rapidly assessed and their predictions to be trusted to a higher level than blackbox methods for which the user has no understanding of the internal workings. They also have some limitations. Using 2D fragments to model 3D molecules and receptors is an incomplete picture of toxicology and their applicability domain limited to similar molecules. A large amount of data is required to extract such characteristics. Areas of chemical space without sufficient population will not be picked up by such methods. Overall, however, 2D structural alerts are a good choice for in silico model construction, as their mechanistic insights outweigh their limitations.
MATERIALS AND METHODS
Dataset. The data was taken from ChEMBL (https://www.ebi.ac. uk/chembl/, version 19, data collected November 2014), which contains more than a million annotated compounds comprising over 12 million bioactivities covering in excess of 10 000 targets, all abstracted from the primary scientific literature (Bento et al., 2014) . Compounds with a confidence score of 8 or 9 and with reported activities (K i /K d /IC 50 /EC 50 ) less than, or equal to, 10mM against human protein targets were treated as positives and used for model generation (Table 1) . These cutoffs were chosen to provide chemicals with a pharmacologically relevant activity at a specific, well-defined, human target. A cut-off of 10mM ensures that the compounds have a good degree of biological activity and represents a trade-off between activity and dataset size. A confidence score of 8 represents the assignment of homologous single proteins, and 9 direct single protein interactions (ChEMBL database). These compounds are binders irrespective of agonistic and antagonistic activity. Nonbinders were omitted from the generation of the models because of the small fraction of compounds found in ChEMBL with reported activities weaker than 10mM. Only receptors with at least 20 active compounds were used to ensure enough information is available to construct appropriate in silico models. The dataset for each target was split randomly into 75% training set and a 25% test set using Pipeline Pilot (Accelrys Software Inc.), so internal validation could be provided. Duplicate data points were removed. This was performed on the molecular structure of each chemical based on its atomic connectivity, resulting in different tautomers, enantiomers, and salts being treated as different data points. The training sets were then combined and uniquified to make an amalgamated training set, and the test sets were combined in an analogous fashion to make an amalgamated test set. These give a representation of ChEMBL chemical space. The amalgamated sets were not used in the development of models, but were used in the internal validation. These compounds had unknown activity across each receptor but were used as anticipated negatives to give an idea of chemical space. This is done to overcome bias in the ChEMBL set toward positives, and allow model quality to be better assessed than through the use of sensitivity alone. In total 51 179 activities across 30 349 unique compounds and 45 human targets were extracted for model construction.
In cases where several targets belonged to the same family (ie the delta, kappa, and mu opioid receptors [MORs] are all opioid receptors), combined datasets were made. This is the case for alpha adrenergic receptors, beta-adrenergic receptors, cannabinoid receptors, dopamine receptors, histamine receptors, muscarinic acetylcholine receptors, opioid receptors, serotonin receptors (excluding the 3A as it is an ion channel and not a GPCR), and cyclooxygenases. These family groups were chosen based on overlap within their ChEMBL data and in the alerts developed in our previous work .
Structural alert construction. Canonical SMILES for each positive compound were used to automatically generate 2D fragmentbased structural alerts (Fig. 2) . A maximal common substructure generating algorithm in Pipeline Pilot (Accelrys Software Inc.) was used to identify the largest fragment common to 2% of the training set. This small percentage was chosen to provide very tight chemical categories of relatively few chemicals to improve model performance. Fragments were identified based on matching atom types and charges between molecules. Partial aliphatic rings were allowed within fragments. The structural alert was then coded in SMILES and its performance statistics calculated using the test sets. Molecules matching this structural alert were then removed from the original training set using a substructure filter and the procedure would begin again, starting with a maximal common substructure search. Each subsequently identified structural alert would be appended to the SMILES output file, building a library of alerts to make up a model. This iterative cycle ran until categories become small enough that they contain only a single chemical. At this point, the SMILES and statistical performance measures are output for interpretation and model construction.
During the model construction, it was found that more than 20 chemicals were required to construct models using this computational algorithm, due to low sensitivity values being produced when fewer binders were available in the dataset (Fig. 3) .
A new cut-off of 200 chemicals was chosen and as a result of this, models for the endothelin receptor A, GAR transformylase, phosphodiesterase 3A, glutamate receptor, sodium channel V subunit alpha, and voltage-gated K channel subunit Kv7.1 are not included in this work. In the cases of GAR transformylase, glutamate receptor, and voltage-gated K channel subunit Kv7.1 no structural alerts suitable for the risk assessment (RA models) or Screen-models were developed, and in the cases of endothelin receptor A, phosphodiesterase 3A, and sodium channel V subunit alpha few alerts were developed with low model performance, particularly, low sensitivity. The histamine H2 receptor was not omitted as it sits in a tight receptor family with the histamine H1 receptor, giving a large histamine receptor dataset. The same negative test set was maintained, to allow comparison with our previous structural alerts (Allen et al., 2016). Structural alert validation and model construction. Test sets were used to calculate sensitivity (SE) for each structural alert using the number of true positives (TPs) and false negatives (FNs).
In order to provide a negative test set for each human receptor target the test set for the target of interest was subtracted from the amalgamated test set and so the negative test sets are not all the same. This warns if the alert hits many molecules in diverse areas of ChEMBL chemical space, and provides statistical performance data, but the chemicals are untested against the target of interest and are treated as negatives only for the purpose of this analysis. This is done to provide analysis and get a confidence score for structural alerts. Although these results must be treated carefully, they should provide greater guidance than sensitivity-only calculations. Specificity (SP) is calculated from these results using the number of true negatives (TNs) and false positives (FPs).
Overall quality (Q) is calculated based on the total number of correct predictions.
To overcome the issue of having a larger negative test set than positive set, the Matthews correlation coefficient (MCC) was used to evaluate overall balanced performance (Matthews, 1975) :
To use the structural alerts as in silico models for toxicity evaluation it is important to consider which alerts provide good predictions from two standpoints-the best overall performance of the model (high sensitivity, SP, and MCC) for a risk assessment procedure (referred to as RA models), and aiming to minimize FN predictions (getting the highest sensitivity possible, often at the cost of a lower SP) for the purposes of screening large numbers of chemicals and not missing positives (referred to as Screen models). It has been determined that using all of the structural alerts with two or more molecules in the training set gives a suitable screening model, allowing a scientist to point to at least two other positive molecules which are hits in ChEMBL. Although this method risks overfitting the alerts to the training data, the average number of training set chemicals per structural alert is relatively high. On average, there are 10.8 training set chemicals per structural alert in the Screen models and 18.3 per alert in the RA models. These numbers are significantly higher than that required by the "Topliss and Costello rule" (Topliss and Costello, 1972) which states that the ratio of chemicals to descriptors should be at least 5:1 for simple linear regression quantitative SARs (QSARs). This is to minimize the risk of chance correlation and overfitting. For risk assessment the rate of over-firing needs to be reduced to increase overall model performance, leading to the choice of structural alerts with five or more molecules in the training set, and more TPs than FPs in the test set, indicating that the fragment is truly indicative of activity, and not just common among ChEMBL chemicals.
Structural alerts as chemical categories for quantitative predictions.
The structural alerts developed as part of this work can be thought of as very specific chemical categories, grouping a small number of ChEMBL compounds based on a high level of structural similarity. Predictions made using these alerts can be considered as read-across. To further exploit this, each chemical category can be used to imply an activity range for molecules that fit within them. To calculate this, the extracted ChEMBL data for each target, in turn, were re-examined and the specific type of activity (K i /K d /IC 50 or EC 50 ) with the most data points was chosen to be analyzed using a KNIME workflow (Berthold et al., 2007) . Only one type of activity was used for each target. For molecules with multiple activity data points, the most active were retained and the others removed, to provide a conservative estimate of activity for that specific molecule. The data were then filtered for each structural alert, picking out, in turn, the molecules that comprise that chemical category. The mean, standard deviation, and absolute range for the activity of each category were then calculated, providing a quantitative estimation of biological activity, and uncertainty, for that structural alert-based chemical category.
RESULTS AND DISCUSSION
Structural Alerts A total of 4810 structural alerts were identified across 39 pharmacologically important human targets (available as SMILES stings with performance statistics in the Supplementary material). This information can assist a toxicologist in determining the likelihood that a prediction made by the model is correct. For example, for the adenosine A2A receptor (AA2AR), Alert 1 has 31 TPs in the test set and zero FPs Therefore, despite a low sensitivity of 3.83%, we can have high confidence a positive prediction made using this alert is correct. For Alert 87, there are 9 TPs and 11 FPs in the test set, reducing this level of confidence. It is important this information is taken into account when a prediction is made, and hence such information is included in the Supplementary material. All of these structural alerts are used in the Screen models. Of these alerts, 2829 were used in the RA models representing alerts with a higher number of training set molecules in their chemical categories, and predicting a higher number of TPs than FPs.
Combined Models
The structural alerts developed in this work have been combined into two distinct models for each target, each with a different performance goal. The RA model (Table 2) has the highest overall performance across sensitivity, SP, and MCC. The Screen model (Table 3) aims to correctly predict as many of the positives as possible, getting a high sensitivity at the cost of SP.
The difference between the models is shown in the averages for all of the RA models (SE ¼ 66.30%, SP ¼ 98.58%, Q ¼ 97.80%, MCC ¼ 0.666) when compared with the Screen models (SE ¼ 81.92%, SP ¼ 93.45%, Q ¼ 93.49%, MCC ¼ 0.569). In total 48 models were compiled from the structural alerts, including models for each target and models for the target families identified earlier. Of the RA models, 47 score an MCC value greater than 0.4, 32 score greater than 0.6, and 11 score greater than 0.8. An MCC value of greater than 0.8 suggests that, for a balanced test set, 90% of predictions will be correct, 0.6 suggests 80% will be correct and 0.4 suggests 70% will be correct. These results show a high level of performance for these models. Of the Screen models, 46 models scored sensitivity values of 50% or more, 37 scored 75% or more, and 19 scored 90% or more. This shows that the majority of these models are catching a high proportion of the positive compounds. Computational methods based on 2D structural alerts are relatively quick and inexpensive, and are ideal for screening chemicals early in development, and supplementing and targeting other toxicity tests, by providing an estimation of activity. These results must be treated with a note of caution, however, as the remainder of the ChEMBL training set was used as a negative test set, meaning these compounds have not been confirmed as TNs.
To compare these new models to existing models constructed for the same targets in our previous work changes in SE, SP, Q, and MCC are included in Tables 2 and 3 . For example, for the AA2AR RA model SE improves by 28.27%, SP by 4.02%, Q by 5.71%, and the MCC by 0.390 compared with the old models. This shows much improved statistical performance in this case. As an average across all models, SE improves by 9.81%, SP by 10.70%, Q by 11.03%, and the MCC by 0.394 for the RA models and SE improves by 25.57%, SP by 6.53%, Q by 7.49%, and the MCC by 0.317 for the Screen models, showing significant improvement.
For more detailed toxicological assessment, novel compounds can be compared with other chemicals in ChEMBL following assessment using these methods. Each structural alert is the basis of a chemical category, containing a small number of chemically similar ChEMBL chemicals. This methodology can be thought of as read-across, reading across from a small number of similar ChEMBL chemicals to a novel compound. Information on these chemicals and their activities are available through ChEMBL for further analysis, to build weight of evidence for computational risk assessment.
Quantitative Predictions
These small chemical categories also provide the basis for quantitative assessment of the novel chemicals. For each chemical category, the activities of molecules within that category have been analyzed to provide a mean, standard deviation, and absolute range (available in the Supplementary material). This allows these 2D structural alerts to provide quantitative information on the activity of novel molecules.
As an example, the P(Ki) activity values for molecules within each of the AA2AR chemical categories have been plotted as a box and whisker plot in Figure 4 . Some of the data points have been colored red and their structural alerts have been included in the plot to give examples of how this information can be used in toxicity assessment. For example, if a novel chemical fell into the category for Alert 32, 40, or 60, it would be possible to make a prediction of activity within a range of about one log unit. If the novel molecule fell into the category for Alert 107 or 79 perhaps further calculations or additional experimental research would be required to further refine the quantitative activity estimate, as the standard deviation and range are wide. Depending on the estimation of exposure in the risk assessment, this may not matter as the exposure may be many times lower than the amount required for a biological response, depending on the activity estimation obtained.
Biological Relevance
The AOP Wiki is the largest repository for the construction and development of AOPs (AOP Wiki). A search has been conducted to find AOPs containing the MIE predicted in this work, and pathways were found for the following targets:
• Acetylcholinesterase • Androgen receptor (5 pathways) • Beta-2 adrenergic receptor (2 pathways) • Cyclooxygenase (7 pathways)
• Ether-a-go-go voltage-gated potassium channel • Glucocorticoid receptor (2 pathways) • Histamine H2 receptor (2 pathways) • MOR (2 pathways) • Serotonin 1A receptor (2 pathways)
• Serotonin transporter (5 pathways)
These 29 pathways are a significant increase on the 19 pathways available in 2016 for the same targets Although the majority of these pathways are under development the expansion of the AOP Wiki is an important step in AOP-based safety science, particularly where pathways can be constructed to compliment robust in silico tools. As such, it should be viewed as a valuable goal, and the expansion seen shows promise for this project.
Further information on the clinical pathways that may be affected by chemical binding at these targets is presented in the Bowes 2012 article (Bowes et al., 2012) .
The structural alerts developed in this work can be used to infer information about the biological targets examined. For example, for the MOR a number of alerts can be found with structural similarity to the typical opioid receptor binder morphine. These can be compared with a crystal structure of morphine (Manglik et al., 2012) to identify how molecules containing them can bind to the receptor. Several of these are shown in Figure 5 , along with relevant information from the crystal structure. Although it would be difficult to gain such specific information without the crystal structure, similar structural alerts could be grouped to give some insight for cases without a crystal structure. In addition to this, structural alerts contained within new molecules could guide compound development-as potential hydrogen bonding groups within the alerts are good targets for modification to reduce the toxic potential of new molecules, due to their prevalence in chemical-biological interactions. For example, in the MOR case a molecule containing alert 1, 6, or 14 could be modified by methylation of the hydroxyl group in the top right-hand corner, to remove this potential hydrogen bonding interaction.
CONCLUSIONS
For 39 pharmacologically important human targets, a total of 4810 structural alerts have been identified computationally. These structural alerts have been combined into two distinct models for each target, incorporating different numbers of alerts to fit their purpose. The RA model aims to have the highest overall performance and the Screen model aims to correctly predict as many of the positives as possible. Of the 48 RA models 47 score an MCC value greater than 0.4, 32 score greater than 0.6, and 11 score greater than 0.8, and of the 48 Screen models 46 models scored sensitivity values of 50% or more, 37 scored 75% or more, and 19 scored 90% or more. The results show these are high-quality models. Each of the chemical categories used in these models also provides a quantitative estimation of molecular activity, based on the mean and standard deviation of ChEMBL positives in the category. The large size of the structural alerts results in small, tight chemical categories containing few chemicals. The result of collecting a high number of these categories has been high model performance and tight molecular activity predictions.
MIEs are key chemical-biological interactions that need to be better understood and predicted to aid in driving forward AOP risk assessment. A number of approaches will be needed to do this, and in this publication we present a drastically improved computational method using mechanistically transparent structural alerts, including quantitative activity predictions, providing a step forward for the prediction of receptor binding MIEs. Combining this understanding of MIEs with AOP information, predictive tools and experimental methods, as well as quantitative links between KEs, can make AOP-based risk assessment a reality. By driving these approaches, we continue to take strides toward risk assessment with alternative methods to animal experiments.
This work presents a considerable step forward in model performance from out previous work . It also further supports the use of MIEs as an anchor for the development of computational toxicity models, and the use of 2D chemical structural alerts for modelling them to gain qualitative and quantitative predictions.
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